Land surface models (LSMs) need to be coupled with atmospheric general circulation models (GCMs) to adequately simulate the exchanges of energy, water, and carbon between the atmosphere and terrestrial surfaces. The heterogeneity of the land surface and its interaction with temporally and spatially varying meteorological conditions result in nonlinear effects on fluxes of energy, water, and carbon, making it challenging to scale these fluxes accurately. The issue of up-scaling remains one of the critical unsolved problems in the parameterization of subgrid-scale fluxes in coupled LSM and GCM models.
Introduction
The development of land surface models (LSMs) from early simple models to more recent detailed models that include carbon exchange has been reviewed by Pitman (2003) . As illustrated by Chen et al. (2007, manuscript submitted to Ecol. Modell., hereafter C07) , the importance of LSMs has been increasingly recognized in modeling both surface microclimate and the large-scale atmosphere (e.g., Dickinson et al. 1986 Dickinson et al. , 1992 Garratt 1993; Sellers et al. 1986 Sellers et al. , 1997a Pitman 2003; Pleim and Xiu 2003) . Significant problems related to LSMs, however, have yet to be addressed, including the difficulties in parameterizing hydrological processes, root processes, subgrid-scale heterogeneity, and biogeochemical cycles (Pitman 2003) .
It has also been recognized that LSMs need to be coupled with atmospheric general circulation models (GCMs) to adequately simulate the surface fluxes of energy, water, and carbon (Sellers et al. 1996; Garratt 1993; Saunders et al. 1999) . Depending on individual situations, LSMs are built with different emphases, complexities, input requirements, and temporal and spatial resolutions. Existing LSMs are usually validated at local scales (i.e., Ͻ1 km 2 ) using flux tower data (Kimball et al. 1999) . GCMs and regional models, however, generally define land surface conditions and fluxes at larger scales (i.e., Ͼ100 km 2 ), where minimum grids (pixels) often represent area averages of highly heterogeneous surface features. An important question is how to best aggregate a finer resolution (microscale LSMs) to a coarser resolution and still be consistent with macroscale GCMs when the two models are coupled.
Current LSMs can be categorized into two groups regarding the treatment of land surface heterogeneity. One group is "aggregated models" with spatial characteristics of biospheric processes assumed to be homogeneous within a model's grid (pixel). This group includes the Biosphere-Atmosphere Transfer Scheme (BATS) (Dickinson et al. 1986 ), the Simple Biosphere Model version 2.0 (SiB2) (Sellers et al. 1996) , and the Ecosystem-Atmosphere Simulation Scheme (EASS) (C07). Another group considers subgrid heterogeneity at varying levels of detail, from fractional areas to statistical distributions (Abramopoulos et al. 1988; Entekhabi and Eagleson 1989) , for example, the Interactions between Soil-Biosphere-Atmosphere (ISBA) scheme (Bélair et al. 2003 ) and the Canadian Land Surface Scheme (CLASS) (Verseghy 1991; Verseghy et al. 1993) .
LSMs often have to be simplified when coupled to GCMs because of the constraints caused by the availability of land surface data. However, this shortcoming was overcome in this study by incorporating remotesensing-derived parameter maps of key state variables [land-cover type (LC), leaf area index (LAI), and clumping index (⍀)] at different spatial scales. These variables are used to determine energy and water partitioning and photosynthesis as described previously (Kite and Pietroniro 1996; Rango and Shalaby 1999; Liu et al. 2003) . Because remotely sensed data have the advantage of large area coverage, frequent updating and consistent quality, satellite observations have been used to describe the phenology of vegetation as input data for land surface schemes (e.g. Sellers et al. 1996) . Oleson and Bonan (2000) described and tested a method for incorporating remotely sensed subgridscale plant functional type and LAI data into a land surface scheme in a climate model and concluded that satellite-derived data were most useful for improving the description of spatial variability of the surface energy fluxes.
Spatial heterogeneity of the land surface introduces major uncertainties in large-scale analyses (Ehleringer and Field 1993) . The complex heterogeneity of the land surface through vegetation, soils, topography, and their interaction with temporally and spatially varying meteorological variables results in nonlinear effects on fluxes of energy, water, and carbon. The issue of upscaling is one of the critical unsolved problems for the parameterization of coupled LSM and GCM models (Wood and Lakshmi 1993) .
Land-cover features essential for characterizing regional physical processes may not be able to be distinguished at coarse spatial resolutions (Kimball et al. 1999) . Some land covers, even with low fractions, are essential for characterizing regional fluxes and may be omitted at coarse spatial resolutions. Wetlands, for example, represent less than 7% of the Boreal Ecosystem-Atmosphere Study (BOREAS) southern study area (SSA) but may play an important role in the regional carbon balance (Roulet et al. 1997) . Needleleaf coniferous forests have also been found to be quite different from deciduous forest in net photosynthesis. Unfortunately, these characteristics may not be adequately represented at macroscales in GCMs. A key issue of up-scaling is the proper consideration of subgrid land-cover features on regional energy, water, and carbon fluxes.
The purposes of this study are threefold: (i) to test and verify the capability and accuracy of the EASS model when coupled to a GCM model and applied to a large area with significant heterogeneity, such as the Canada's landmass; (ii) to evaluate the effect of landcover heterogeneity on regional energy, water, and carbon flux simulation based on remote sensing data; and (iii) to explore up-scaling methodologies using satellitederived data. In this paper, we briefly present a basic theoretical examination of spatial up-scaling (section 2) and then outline the land surface and atmospheric model (section 3). A description of the dataset used for modeling follows in section 4. Model results for the Canadian landmass for the period of 13 to 19 August 2003 are discussed in section 5 and are followed by conclusions.
Theory and algorithms for spatial scaling

a. Theory
General scaling issues related to understanding ecosystem function and predicting the consequences of global environment change were reviewed by Jarvis (1995) . The scaling issues usually include defining the spatial and temporal scales of interest, scaling processes, scaling strategy, scaling problems, heterogeneity, patchiness, nonlinearity, aggregation methodology, and feedbacks. Scaling theories have provided important clues toward understanding and modeling the space-time dynamics of diverse biogeophysical processes (Poveda and Luis 2004) , such as vegetation surface fluxes (Katul et al. 2001) , ecological processes (Bascompte and Sole 1998; Tilman and Kareiva 1997) , and vegetation dynamics (Harte et al. 1999; Milne and Cohen 1999; Milne et al. 2002) .
In this paper, we focus on the issue of spatial upscaling related to model coupling. Land surface processes take place at spatial scales ranging from the size of small vegetation patches up to the extent of the globe itself (Jarvis 1995) . Generally, the objective of upscaling is to preserve or to transport certain rate processes, such as flux densities, from smaller spatial scales to larger ones. This would be very easy to achieve if the produced fluxes or rates were linearly related to all static and driving variables. Unfortunately, in nature, this is not usually the case. What makes up-scaling such a significant challenge is the nonlinearity between processes and variables and the spatial heterogeneity in surface and atmospheric properties. As mentioned earlier, the EASS model is similar to most process models and represents point-level processes using functional relationship between input variables and output fluxes. However, it ignores or greatly simplifies the effects of spatial heterogeneity in the driving variables within the model's smallest grid. Biased results may be produced if the homogeneity assumption or the simple arithmetic average at local scales is applied to a complex surface at regional scales when coupled to GCMs because the characterization of regional fluxes are affected by both the influence of subgrid-scale processes within the aggregate and the degree of nonlinearity between the model inputs and outputs (Kimball et al. 1999) . The propagation of errors among the various functional relationships in a GCM's framework may also be additive or compensatory depending on the particular process being simulated Rastetter et al. 1992; Band 1993; Pierce and Running 1995; Kimball et al. 1999) .
The sensitivities of a land surface scheme and an ecological model to spatial scale have been found to vary depending on the surface conditions and input variables (Kimball et al. 1999) . Among the variables, land-cover type was also found to be most important for flux simulations (Bonan 1993; Sellers et al. 1995) . If a critical land-cover characteristic is inadequately presented for coarse-resolution grids within the large model framework, then significant biases may occur in the coupledmodel simulations. The issue of how best to aggregate finescale data to a large scale is complex, and the optimal approach is to some degree unique to each variable. It has been found that contextural parameters are more efficient than textural parameters . A contextural approach of spatial scaling makes use of area fractions to derive surface parameters at different resolutions.
Remote sensing generally identifies only one dominant land-cover type in a pixel but other minor landcover types are ignored in the derived surface parameters. Remote sensing values generated at coarse resolutions are often the only available data. They are often referred to as lumped data and lumped algorithms Hu and Islam 1997) . The fact that only one cover type is labeled per pixel at a coarse resolution results in large biases of the final products (Chen et al. 2002) . Optimally, the surface variable at a coarse resolution should be calculated from the finer resolution through an aggregation scheme, instead of deriving it from remotely sensed images directly at coarser resolutions. The loss of information with coarsening spatial resolution depends to some degree on the aggregation scheme used. One common approach is to take the average of the fine pixels within each coarse-resolution grid as the representative value for the grid (Simic et al. 2004) . Alternative algorithms, such as taking the value at the geographic center point of each large grid to simply represent the value for this grid, also is an option that it sometimes chosen by researchers (Turner et al. 1996) . A straight spatial averaging algorithm, however, is inadequate for up-scaling for vegetation type and this is the most important factor in LSMs with regard to regional fluxes because physiological differences such as stomatal/canopy conductance, assimilation rates, etc., strongly influence energy, water, and carbon exchange with the atmosphere (Sellers et al. 1996) . As emphasized by Kimball et al. (1999) , in large modeling grids, subgrid land-cover characteristics may exert a major control over regional mean fluxes.
b. Spatial scaling algorithms for model coupling
This paper reports the results of incorporating the EASS LSM into the Global Environmental Multiscale model (GEM) GCM (Cô té et al. 1998a,b) with two different approaches for handling subgrid heterogeneity. The first approach (lumped case, referred to hereafter as approach L) ignores the variability in subgrid processes (i.e., mainly dependent on the dominant land-cover type) and represents these processes in the GCM with generalized parameters. The second ap-proach (distributed case, referred to hereafter as approach D) is based on the belief that subgrid heterogeneous inputs and processes have significant nonlinear effects on processes at GCM scales. Therefore, we should not simply scale up by an aggregating or averaging method.
The two scaling approaches used in this study are outlined in Fig. 1 . In approach L (lumped case), the coarse grid in GEM is labeled as one (dominant) landcover type, while other land surface variables (i.e., LAI, soil properties, etc.) are averaged from all the finescale pixels (i.e., 1 km 2 ) within the grid. Only one suite of algorithms and physiological parameters specific to that land-cover type (such as vegetation height, displacement height, roughness length, root profile, and biomass) is applied at the large scale (Fig. 1a) . In approach D (distributed case), the most sensitive and important variable for land surface schemes and ecological models, that is, land cover, is emphasized. Each landcover type within a model grid box is considered, and all the input variables related to each specific landcover type are averaged from all the fine resolution pixels (e.g., 1 km 2 ) (Fig. 1b) . For example, the LAI of land-cover type B at j grid box (L B, j ) can be calculated from
where, l B, j,i represents the LAI of land-cover type B at pixel i, and n is the number of those fine pixels within the grid cell j. Assuming the effects of lateral interaction on regional fluxes are negligible among pixels within a grid box, the flux representative for the grid cell (H D, j ) can be calculated by weighting the individual flux (H j,k ) of land-cover type k with the fractional coverage ( f j,k ); that is,
where m is the total number of cover types in the grid box.
FIG. 1. Schematic diagram for the coupled EASS-GEM model's scaling experiment. (a)
Approach L-lumped case: the coarse grid is labeled as one (dominant) land-cover type, while other land surface variables (i.e., LAI, soil properties, etc.) are averaged across all the finescale pixels (e.g., 1 km) within the corresponding coarse grid. (b) Approach D-distributed case: each land-cover type within the coarse grid is considered with one set of algorithms. LC represents land-cover type; A, B, and C, represent land-cover types for coniferous forest, deciduous forest, and others (including grasses, shrub, etc.), respectively; L is leaf area index; alg represents land-cover-type-dependent algorithm; ave is averaging process; ave_w is weighted averaging by the area fractions of LC.
Model description a. The GEM atmospheric model
In this study, the GEM model (Côté et al. 1993 (Côté et al. , 1998a , which has been used for short-range regional forecasting in Canada, is applied to test the two upscaling approaches. In the model, primitive hydrostatic equations are integrated using the semi-implicit and semi-Lagrangian numerical techniques. The model runs on a rotated global variable-resolution grid at a resolution of 0.22°latitude ϫ 0.22°longitude in the central portion of the model grid, which covers North America and the adjacent waters. The vertical resolution is also varying, with a greater concentration of levels in the boundary layer. A terrain-following normalized pressure coordinate is used. The execution time step is 720 s. The embedded surface scheme (ISBA) in GEM is documented in Bélair et al. (2003) . ISBA calculates the surface fluxes based on a "big leaf" assumption. The soil column is divided into two layers where temperatures are predicted at the surface (T s ) and subsurface (T 2 ). The soil water contents are modeled at near surface (first 10 cm, w g ) and rooting depths (w r ). The land surface data are prescribed. ISBA-GEM will produce a set of surface turbulent energy fluxes that will be compared with those simulated by EASS-GEM in section 5.
b. The EASS LSM
The EASS model formulation and test with multipleyear data are described in detail in C07. Major features of the model are briefly described below. (i) The timevarying vegetation parameters such as LAI are derived from satellite data (updated every 10 days) rather than prescribed monthly as in ISBA. (ii) Vegetation cover is treated as a single layer and the model includes a scheme with stratification of sunlit and shaded leaves to minimize the biases from the "big leaf" approximation. A foliage clumping index (⍀), in addition to LAI, is used to characterize the effects of three-dimensional canopy structure on radiation, water, and carbon fluxes. The index ⍀ is generated from multiple angle remote sensing data. (iii) Energy, water, and carbon are fully coupled and simulated simultaneously. Photosynthesis, evapotranspiration, and stomatal conductance are explicitly linked. The stomatal physiology depends on the photosynthetic response to sunlit/shaded foliage temperature, absorbed photosynthetically active radiation, ambient CO 2 concentration, vapor pressure deficit, soil water, and foliage nitrogen. The decomposition rates of various carbon pools are modified by soil moisture and temperature in different soil layers. Soil carbon dynamics are simulated using a modified soil submodel of CENTURY. (iv) A multilayering scheme for energy exchanges and water transfers through the soil layers and/or snowpack (if present) is introduced in EASS. The number of snow and soil layers and the depth of each layer are user defined according to soil physical structures, snow depth, and application objectives. The soil profile is divided into seven layers and the thickness of the layers increases exponentially from the top layer to the sixth layer (equals to 0.05, 0.1, 0.2, 0.4, 0.8, 1.6 m, respectively). The first six soil layers with a total depth of 3.15 m are set to ensure the complete simulation of energy dissipation in the soil column. The depth of the bottom soil layer is adjusted according to water table depth. The division of soil layers is applied to the snowpack if present. The total depth of snowpack is updated at every time step. When the snowpack is thinner than 5 cm, it is treated as part of the first soil layer and is weighted to obtain the grid cell values. Moreover, the dynamics of snowpack and freeze-thaw cycle in the soil profile are emphasized in EASS since there are large cold regions (e.g., tundra) in Canada (see C07 for details).
EASS is forced by near-surface meteorological variables at a reference level z ref within the atmospheric boundary layer, including surface air temperature (T air ), relative humidity (RH), incoming shortwave radiation (R in ), wind speed (u), and precipitation (P).
c. Coupling of EASS with GEM
To build communication between these two models, we created an interface program inside GEM through which (i) meteorological fields simulated by GEM are passed to EASS; (ii) preprocessed, remote-sensingbased land surface parameters, treated as inputs to GEM, are transferred to EASS; and (iii) the EASS outputs are passed back to GEM for analysis. The coupled EASS-GEM model (lumped case) takes more computing time by ϳ8% than the uncoupled GEM while the distributed case takes 3 times more computing time than the lumped one since the EASS model is executed for each land-cover type in each grid cell.
d. Initialization
1) METEOROLOGICAL VARIABLES AND SOIL TEMPERATURES/MOISTURES
We run the GEM model with the same configurations and model parameters as in the operational regional forecast, so that the archived operational analysis can be utilized for model initialization. The coupled model is launched for a 24-h integration at 0000 UTC APRIL 2007 C H E N E T A L .
once a day. The initial atmospheric conditions are provided by a regional data assimilation system (RDAS), with 12-h cycles using trial fields from 6-h regional GEM integrations (Chouinard et al. 1994) . The initial surface temperatures and soil water contents at 0000 UTC are derived from a sequential assimilation system based on an error-feedback mechanism. Assuming that the bottom soil layer in EASS is saturated and has the same temperature as the annual mean air temperature, the initial temperature and water content for each soil layer are linearly interpolated from the simulations by ISBA-GEM (i.e., T s and T 2 ; w g and w r ).
2) SOIL CARBON POOLS
The soil carbon stocks are critical to the estimation of respiration. Nine different soil carbon pools are treated as diagnostic parameters in EASS, including two biomass pools (fine root and coarse root), five litter pools (surface structural, surface metabolic, soil structural, soil metabolic, and woody), and two microbial pools (surface microbial and soil microbial). The pool sizes and distributions at 1-km resolution over Canada for 2003 were initialized by the Integrated Terrestrial Ecosystem Carbon-budget model (InTEC V3.0). InTEC V3.0 is a terrestrial carbon dynamics model in yearly time step for the period 1901-2003. It integrates the effects of disturbance and nondisturbance factors on ecosystem carbon balance, such as the effects of nitrogen, climate, stand age, and atmospheric CO 2 , etc. (Chen et al. 2000 Ju and Chen 2005) .
Dataset for modeling a. Spatially explicit land surface input dataset
Land surface boundary conditions, including LC, LAI, ⍀, soil textures, and carbon pools are required input data for the EASS model. These data are prepared for a spatial domain covering Canada's landmass at 1-km resolution (5700 ϫ 4800 pixels). The domain is in a Lambert conformal conic (LCC) projection. These data are then up-scaled to GEM's grid using algorithms discussed in section 2b.
1) LAND COVER (LC)
As mentioned above, the information on land-cover type is crucial for the coupled model execution and scaling investigation. It is also useful in developing biome-dependent algorithms for the derivation of LAI maps [discussed in section 4b (2)].
The land-cover map of Canada is generated to provide an up-to-date, spatially and temporally consistent national coverage. The data source is the Advanced Very High Resolution Radiometer (AVHRR) on board the National Oceanic and Atmospheric Administration satellite NOAA-14. The methodology for data processing and atmospheric correction are documented by Cihlar et al. (1997 Cihlar et al. ( , 1999 and Liu et al. (2003) . The quality of the dataset is assessed by comparing with Landsat Enhanced Thematic Mapper (LETM) images at 30-m resolution. Klita et al. (1998) found the preclass accuracy to vary between 21.8% and 97.9% in a forest region of central Canada. Pietroniro and Soulis (1999) examined this map and other six land-cover maps for the Mackenzie Basin in Canada and ranked this map as having the highest overall accuracy. Some minor cover types have low accuracies at 1-km resolution in comparison with 30-m resolution because of the omission error; that is, small areas disappear when mixed with dominant cover types in large pixels .
The 31-class land-cover map at 1-km resolution is shown in Fig. 2a . These 31 classes are then reclassified into four groups according to the scaling algorithms discussed in section 2b (Fig. 1) . The four groups are coniferous forest, deciduous forest, all other biome types (i.e., grassland, cropland, shrubland, etc.), and nonbiome types (water body and permanent snow/ice area, etc.) (Table1). The dominant land-cover map for these four types at GEM's spatial resolutions (ϳ0.22°) is shown in Fig. 2b . The fractional coverage of the first three groups used for distributed up-scaling (see Table  1 ) are shown in Fig. 2 : c1, c2, and c3, respectively. Table 1 ). (b) Vegetation classification schemes used in the coupled EASS-GEM model (see Table 1 ), where D, C, O, and N represent coniferous forest, deciduous forest, other biome types, and nonvegetation type, respectively. (c1), (c2), (c3) The fractions of D, C, O, respectively, which are used for the distributed case in EASS-GEM at "gvp22" grid coordinate. The gvp22 is a rotated variable grid coordinate with the finest resolution of 0.22°latitude ϫ 0.22°longitude in the central portion of the model grid, which covers North America and the adjacent waters. (d), (e) The LAI maps at 1-km resolution and in EASS-GEM with gvp22 grid coordinate, respectively. (f), (g) The maps of soil texture types at 1-km resolution and in EASS-GEM with gvp22 grid coordinate, respectively. The numbers 1-11 in the legend in (g) indicate the soil texture types as listed in Table 2 .
2) LEAF AREA INDEX
The LAI images of 1-km resolution for the period of August 2003 for Canada (Fig. 2d) are generated from the 10-day composite VEGETATION images using a cover type-based algorithm (Chen et al. 2002) . In approach L, LAI for each GEM grid box is simply averaged from all fine pixels (Fig. 2e) . In approach D, LAI for each land-cover type in GEM model's grid is calculated using Eq. (1) from 1-km data.
3) SOIL TEXTURE DATA
The soil textural data (silt and clay fraction) and dissolved organic matter (DOM) data for each EASS soil layer are taken directly from Soil Landscapes of Canada (SLC) version 2.0 (Tarnocai 1996; Shields et al. 1991; Schut et al. 1994; Lacelle 1998) . For soil depths where there is no default data, the value of the layer immediately above is used. To generate these data layers with the same projection and resolution as for other data layers, the original vector data in SLC are mosaicked, reprojected, and rasterized using the ARC/ INFO geographic information system .
Soil texture is crucial to soil properties, such as soil water content at saturation (porosity), soil water potential at saturation, soil heat and hydraulic conductivities at saturation, etc. To determine the hydraulic and physical properties of the soil layers, we classify soil texture classes into 11 categories following Campbell ) and the wilting point (1500 J kg Ϫ1 ), respectively; and e is the air entry potential. All values are after Campbell and Norman (1998) except , which is after Kucharik et al. (2000) . and Norman (1998), Rawls et al. (1992) , and Kucharik et al. (2000) . These 11 categories and their hydraulic and physical coefficients are listed in Table 2 . The soil texture maps for Canada at 1 km and at GEM's spatial resolutions are shown in Figs. 2f and 2g , respectively.
b. Site data for model comparison
Canada's southern forest regions are comprised of a mosaic of both forests and peatland ecosystems. Five flux stations across an east-west transect over these regions, maintained by Fluxnet-Canada, are selected for model validation in this study. These five sites are briefly described in Table 3 . The land surface input data for the grid box surrounding the tower sites are also included in Table 3 .
Since EASS is driven by meteorological fields modeled by GEM, the biases in GEM will cause biases in the EASS simulated fluxes. To correctly assess EASS model performance, the modeled meteorological variables are also compared with tower observations.
Results and discussion
a. Model comparisons with measurements from five flux tower sites
1) SURFACE SOLAR RADIATION AND
METEOROLOGY
The incoming solar shortwave radiation data were not available for site 4 (CPRS: black spruce/jack pine Cutover, Quebec, Canada). The GEM-simulated hourly R in data were found to reasonably follow the observations for all the other four sites. The squared linear regression coefficient (r 2 ) and the root-mean-square error (RMSE) equaled 0.71 and 151.67 W m Ϫ2 , respectively (Table 4 ). The tower-observed and simulated 7-day composite diurnal variations of meteorological variables (R in , T air , RH, and u) for all the five sites are first compared in Fig. 3 . The linear regression results between tower observed and simulated meteorological variables are listed in Table 4 . Modeled T air explained 78.8% of tower observations. The bias between simulated and observed RH was 15%-80%, whereas it was over 30%-100% for u. RH was underestimated while u was overestimated at all five towers most of the time, and T air was underestimated at site 1 although it was overestimated at site 5. Overall, the differences of the biases were very small among the five sites (Fig. 3) . The 
2 . ** R in is the total incoming global shortwave radiation; T air , RH, and u are the air temperature, relative humidity, and wind speed above canopy, respectively.
simulated hourly meteorological data during 13-19 August 2003 are compared with tower measurements at site 2 as an example (Fig. 4) . Overall, considerable biases exist between GEM modeled and tower-observed hourly meteorological variables (Table 4) .
2) FLUXES
The model grid box in EASS-GEM (ϳ24 ϫ 24 km 2 ) is much larger than the tower flux footprint area (normally 1ϳ2 km 2 ). Except for sites 3 and 4, the vegetation type within the flux footprint area for the other three towers is consistent with the dominant vegetation type of the grid box containing the particular tower (Fig. 5 ). For comparison with the tower observations, we present results using only approach L (dominant landcover case) for our model simulations. There was little difference between approaches L and D.
The surface fluxes simulated by the EASS-GEM and ISBA-GEM models and measured at site 2 during 13-19 August 2003 are compared in Fig. 6 . It appears that the EASS-GEM model captured about 94%, 73%, 84%, and 64% of the hourly variations in tower observations of net solar radiation (R n ), latent heat flux (E), sensible heat flux (H ), and net ecosystem exchange of CO 2 (NEP) at site 2, respectively; whereas the ISBA-GEM model only explained 59% and 47% of observed E and H. Overall, the model results show that both the EASS-GEM and ISBA-GEM models have the capacity of reasonably capturing the observed diurnal variations in the surface fluxes for all five sites (Table 5; Figs. 6 and 7), but the model biases are still considerable. The sensible heat flux is underestimated by around 10% in EASS-GEM and by 20%-60% in ISBA-GEM comparing with the tower observations. The latent heat flux is overestimated by both models (except at site 5 by ISBA-GEM). The biases in simulated surface fluxes are also site dependent. The largest bias in simulated NEP by the EASS-GEM model was found at site 3 ( Fig. 7; Table 5 ), probably because of the inconsistency between the vegetation type in the tower flux footprint area and the dominant vegetation type of the model grid box (Fig. 5) . Model comparisons demonstrated that the improvements in simulating latent and sensible heat fluxes in the EASS-GEM system are more noticeable than in GEM. Both the land surface input data and the model algorithms in EASS may have contributed to these improvements. The key land surface parameters (i.e., LC, LAI) used in the coupled model are derived from highspatial-resolution satellite images instead of being prescribed as in ISBA. It has been shown in an earlier study that remotely sensed LC and LAI data are important for modifying the surface fluxes and are most useful for improving the description of spatial variability (Oleson and Bonan 2000) . The more advanced algorithms in EASS relative to ISBA could be another reason for the better simulated fluxes. These include the stratification of sunlit and shaded leaves versus the "big leaf" approximation; fully coupled calculation of energy, water, and carbon versus excluding carbon calculation; and a multilayering soil scheme versus the simple two-layer scheme.
The regression analyses between tower observations and model simulations by approaches L and D for all of the five sites are also compared in Table 5 . Which upscaling technique yields better agreement with tower measurements is dependent on the consistency in land surface parameters (i.e., LC and LAI) between the tower flux footprint area and the grid box cell surrounding the particular site. In cases when the dominant land-cover types near sites 1, 2, and 5 are consistent with that in the grid box (Fig. 5) , the simulated fluxes in the lumped case are slightly more realistic than in the distributed case (Table 5 ). In contrast, the land covers in the vicinity of towers 3 and 4 are more heterogeneous than towers 1, 2, and 5 (Fig. 5) , so the simulations by approach D are closer to observations than by approach L (Table 5) .
The distributed technique is expected in theory to have more scaling accuracy in the surface fluxes than the lumped method though the possibilities for verification are limited in practice by the fact that the GEM's grid is much larger (up to two to three orders of magnitude) than the eddy flux footprint area. Similar upscaling techniques have been applied to spatial scaling of net primary productivity (NPP). It was found that the lumped calculations of NPP can be considerably biased from the distributed case by up to 15% (Simic et al. 2004 ). In the current study, the differences in simulated surface fluxes between the two approaches are found to be dependent on the land surface heterogeneities within the GEM's coarse grid cell with a range of 5%-15% ( Fig. 8; Table 3 ). It appears that the minimum difference in energy and carbon fluxes between these two approaches occurred at site 3, where the dominant vegetation type of coniferous forest is over 76%. Among the five sites, the largest difference in energy fluxes was found for the model grid where the landcover type 3 (i.e., "other" biome type) had the largest fractional coverage (i.e., site 4, more than 40%; see C H E N E T A L . Table 3 and Figs. 5 and 8), while the biggest absolute difference in carbon flux occurred for the pixels where land-cover type 3 (i.e., "other" biome type) had the smallest coverage (e.g., sites 1 and 2, less than 1%-2%; see Table 3 and Figs. 5 and 8). This may be because the magnitude of carbon flux for cover types 1 or 2 is usually 2-3 times larger than that for cover type 3 (see also Fig. 7 ; comparing sites 1 or 2 with sites 3 or 4). The relative difference between the two approaches in carbon flux is still dependent on the land surface heterogeneity within the model grid box.
b. Model comparison with approaches L and D and scaling to Canada's landmass
The one-week EASS-simulated sensible and latent heat fluxes over Canada for the two approaches and their differences are shown in Fig. 9 . There are marked spatial variations in H and E. It appears that the EASS model may have the overall ability to capture the combined effects of meteorology, vegetation, and soil on spatially distributed patterns of H and E. Comparison of the simulated distributions of H and E with maps of land surface parameters (Fig. 2) suggests that the spatial patterns of both H and E correspond mainly to the distribution of cover types, LAI, and soil texture. Moreover, E is also controlled by available solar energy and soil moisture conditions. The differences in H and E between the two approaches are related to spatial heterogeneities in cover types, soil texture, and soil moisture conditions. For example, the largest differences in H and E between the two approaches were found in northern Manitoba, Saskatchewan, and the west-central regions of the Mackenzie River basin (Figs. 9c and 9f) where the coniferous forest is heavily mosaicked with other cover types (Figs. 2a  and 2b ). The biases in simulated fluxes could reach Ϯ20% in these regions.
Spatial variability in simulated net radiation (R n ) is smaller than H and E for most regions (Figs. 10a  and 10b ). The patterns of the differences in R n between the two approaches (Fig. 10c) , however, are similar to that of H and E (Figs. 9c and 9f ), corresponding to spatial heterogeneities in cover types and soil texture.
Canada-wide maps of carbon sources and sinks simulated by the two approaches are shown in Figs. 10d and 10e, respectively. There are moderate spatial variations in NEP over most regions. The spatial patterns of NEP are mainly influenced by the distribution of vegetationcover types and LAI. Most carbon sinks correspond to coniferous and deciduous forest-cover types located in the southwestern and southeastern Canada, whereas the mostly carbon-balanced or small source areas ) is net CO 2 flux, r 2 is the squared linear regression coefficient,
, and the sample number for an individual tower is around 150-170 and for all five sites is 780-830. match the distribution of other biome cover types, which are in northern Canada and in southern Manitoba and southern Saskatchewan (Figs. 10d and 10e) . The large differences between approaches L and D mostly occurred near the boundaries between forest and nonforest types (Fig. 10f) . In the lumped case, the model could overestimate carbon sources or underestimate sinks by more than 20%-25% in these heterogeneous regions. We also notice that the differences between the weekly composite fluxes by these two approaches may be dampened due to temporal averaging.
The EASS-simulated variables, such as canopy temperature (T c ) and soil surface temperature (T s0 ) are shown in Fig. 11 . The spatial variability in T c and T s0 is not as significant as for the surface fluxes. The differences in T c and T s0 between approaches L and D are similar to that of simulated heat fluxes in spatial distribution and magnitude.
Summary
A new distributed LSM, the Ecosystem-Atmosphere Simulation Scheme (EASS), was evaluated for simulating coupled energy, water, and carbon fluxes. Through the use of remote sensing and ancillary data, we coupled EASS with the Global Environmental Multiscale model (GEM) GCM and applied it to test two scaling approaches for handling subgrid heterogeneity (clumped case and distributed case). The coupled experimental runs for a week in August 2003 over Canada provided an opportunity to assess model performance and to investigate the spatial scaling issue. After validating the coupled EASS model with five available sets of flux tower observations over Canada's southern forest regions, the model was demonstrated to have the capacity of reasonably capturing both spatial and temporal patterns in carbon and energy fluxes. However, there were still some significant biases in E and H between simulations and tower observations. The sensible heat flux was underestimated while the latent heat flux was overestimated by both the EASS-GEM and ISBA-GEM models. The biases possibly result from (i) a combination of errors in models and in eddy covariance measurements; (ii) the difference between the eddy flux footprint area and the model grid cell; and (iii) the biases between the meteorological data simulated by GEM and those observed. The improvements in simulated latent and sensible heat fluxes in the coupled EASS-GEM system were more noticeable than in the uncoupled GEM (r 2 : 0.79 versus 0.52 for latent heat and 0.66 versus 0.46 for sensible heat, respectively; RMSE: 36.5 versus 101.1 W m Ϫ2 for latent heat and 79.3 versus 85.3 W m Ϫ2 for sensible heat, respectively). These improvements are thought to be mainly due to the addition of the remotely sensed land surface inputs and the advanced algorithms in EASS compared to the prescribed inputs and simpler algorithms in ISBA used in the uncoupled GEM.
The degree of agreement between model simulations using approaches L and D with eddy flux measurements was also site dependent. It depended on the differences in land surface heterogeneities between the eddy flux footprint area and the model grid cell surrounding the particular tower site. The grid cell in GEM is two to three orders of magnitude larger than the eddy flux footprint area, so this kind of comparison is not ideal or even not satisfactory for model validation. The distributed technique is expected in theory to have more scaling accuracy in estimating of the surface fluxes than the lumped method, which is consistent with the conclusion from a scaling study on NPP using a similar technique.
There were marked spatial variations in H and E, and comparatively moderate spatial variations in NEP over Canada's landmass. These patterns of spatial variation closely followed patterns of vegetation-cover types and LAI, both of which were highly correlated with the underlying soil texture types. Moreover, it was found that E was also controlled by available incoming solar radiation and soil moisture conditions, while NEP was additionally affected by the soil carbon pools. The differences in the simulated surface fluxes between the lumped and distributed cases were statistically significant for Canada's landmass ( p Ͻ 0.01 using a t test). The maximum magnitude of the difference in simulated fluxes between these two approaches ranged from Ϯ10% to Ϯ25% of its absolute value, suggesting that different ways of treating the subgrid's land surface heterogeneities could lead to noticeable biases. The distributions in these maximum biases resulting from the simple lumped case were closely related to heterogeneities in cover types, LAI, and soil texture. The surface fluxes modeled by the two up-scaling approaches (lumped and distributed cases) differed by 5%-15% on average and by up to 15%-25% in highly heterogeneous regions. This suggests that different ways of treating subgrid land surface heterogeneities could lead to noticeable biases in model output. In theory, the distributed case should be expected to give moderate improvement in up-scaling of fluxes.
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